Abstract-The performance assessment of automatic crack detection algorithms within pavement images requires beforehand to establish a reference image, namely, the pseudoground truth image (PGT). In this context, this paper presents some existing pseudo-ground truth (PGT) data collection techniques which rely on image processing techniques. The processing of five Single Pair Shortest Path (SPSP) algorithms which are devoted to this aim are illustrated in terms of running time and segmentation accuracy on a pavement image.
I. INTRODUCTION
A lot of image processing techniques have been developed to computerize the survey of road surface conditions and for instance, to automatically detect the cracks within 2D pavement images, e.g., [1] [2] [3] [4] [5] [6] and the references therein. However, none of the existing algorithms actually affords the ideal segmentation which may serve as the references for others. Then, the default solution for the performance assessment of the latter automatic algorithms compares the segmented results to some reference image at the suitable image scale, i.e., the pixel or any larger gridding. The reference image usually consists in a binarized representation of the crack pattern, namely, the pseudo-ground truth (PGT) image.
In this paper, we review some existing PGT data collection techniques with emphasis on those which require a semiautomatic (SA) process and then the skills of an operator. The SA process relies on image processing techniques. It requires initiating the segmentation by selecting either one or two endpoints within the visible crack pattern. In case of ramified crack structure, the operator breaks down the crack into elementary segments.
For the semi-automatic PGT data collection, this paper proposes two families of algorithms: percolation-based [7] and path finding algorithms, e.g., [2, [8] [9] [10] [11] . Each algorithm enables different amount of visited pixels, which in turn influences the computational time to collect the PGT. This paper focuses on the path finding algorithms which rely on the so-called Single Pair Shortest Path (SPSP) problem [8] . Dijkstra [9] and Fast Marching [10] [11] are two widespread SPSP algorithms to this aim. The result on a pavement image illustrates the performance and the limitations of the cited algorithm families in terms of segmentation accuracy and computational time. Finally, the paper addresses the condition to use the automatic crack detection algorithms for faster PGT data collection.
II. EXISTING PROCESSES FOR PGT DATA COLLECTION

A. Manual PGT data collection
From an historical point of view, the operators performed the pavement survey by the visual inspection of the pavement surface at walking speed. The detected pavement distresses were then notified and/or recorded along some length. Today, electronic device and the GPS technology may provide a virtual gridding of the road surface that ease the record of pavement distresses at walking speed in order to establish some statistics.
With the use of imaging devices which record pavement images at traffic speed, in situ visual inspection at walking speed was replaced by the visual inspection of the recorded images on the screen. The GT data collection then became the pseudo-ground truth (PGT) because of the loss of direct inference with the in situ information.
Then, the operators spend much time on the screen to collect the pavement distresses. The PGT data collection is performed on some image blocks (larger in size than the pixel gridding for obvious reasons), which the size is matched to the existing operational survey method in each country. Some image processing tools, e.g., CrackIT in [1] , include user interface to collect the PGT on some image gridding. For example, the PGT is collected on 20×20 cm² gridding in [5] . A specific coding for each grid allow to record different kinds of pavement distresses for later use. The average density of defective grids per square meters over 50 m is then used as a survey indicator. In [12] , the pavement distresses on each image are aggregated over 200 m, in order to detect the structural pathologies with large longitudinal extension.
The manual PGT data collection at the pixel level has been used in [6] for research purpose. Using a simple graphical user interface, four operators manually selected on the screen the pixels belonging to the crack pattern. 36 pavement images from the previous French imaging device, namely, Aigle-RN, were then manually segmented. The union of the four segmented results formed the PGT on the pixel gridding which was used for the benchmarking of some crack detection algorithms. The manual PGT was proved later in [2] to be less accurate than the semi-automatic PVT, which is presented in the next section.
In any case, the data collection of pavement distresses is a time consuming and very laboring task. The amount of images to analyze may depend on the pavement distresses to detect. As a consequence, a very few image data base exist in the literature that includes the PGT. Besides, this prevents (*) actually MS student at Xi'an Jiaotong University, Shaanxi, China.
performing the rigorous assessment of the existing crack segmentation algorithms.
B. Semi-Automatic PGT data collection
In the semi-automatic method, the operator interactively selects on the screen either one or two endpoints within the crack pattern, namely, a source and/or a destination pixel. Then some algorithms automatically determine the skeleton of the crack segment. The crack pattern is thus segmented in successive segments according to its geometry as shown in Fig.  1 . Nonetheless, some algorithms in section III may show the capability to segment the ramified structure of the crack pattern at some extent.
At last, the crack width is estimated along the crack skeleton, by iteratively aggregating the pixels which the grey level is lower than the following threshold [2] :
Τw= μw −κw σw (5) where μw and σw are the mean and the standard deviation of the grey level distribution of the crack pixels, respectively. This step conventionally assumes the intuitive relationships between lower grey level pixels and the cracking. The parameter κw has been fixed in this work to 0.6, accordingly to the value which was used in [2] for optimizing the automatic crack detection algorithm MPS.
In [13] , different family algorithms have been tested to fill this purpose. Most of them are based on path finding techniques to determine the pieces of the crack skeleton between two endpoints. By contrast, the percolation algorithm in [7] was appealing because it requires initiating the path search from one endpoint only. The percolation method has been successfully tested on concrete images but was proved in [13] to achieve poor result on pavement images owing to the stronger image texture. Besides, it was found slower than any of the tested path finding algorithms. Then, the latter family of algorithms has been selected in the next section for the semiautomatic segmentation of the crack pattern. [2] ; on the right, associated ground truth; in red, the 6 pairs of selected sources and destination seed points for SPSP path search algorithms; in green, the 6 seed points used for initializing the path search by ST Fast-Marching.
III. PATH FINDING TECHNIQUES FOR SEMI-AUTOMATIC PGT DATA COLLECTION
Two families of SPSP algorithms have been tested in this section. The Dijkstra's algorithm [9] is a ubiquitous algorithm which can be used indifferently for the one-to-one (or equivalently, single pair shortest path or SPSP) and one-to-all (or single source shortest path or SSSP) problems. It minimizes the Manhattan distance between two pixels of the image under the L1 standard norm. In comparison, the other tested algorithms are dedicated to the SPSP problem only.
In the bidirectional version of Dijkstra, the search for the shortest path is initialized simultaneously at both the source and the destination endpoints. Then, the path finding algorithm proceeds until a junction endpoint is found. The number of visited pixels is thus reduced by about half, as well as the execution time on each crack segment.
The * (star) family algorithms have been proposed as an alternative to Dijkstra. A * is known as the fastest and the most accurate algorithm in the latter family. A * uses a heuristic function, which directs the path search between the ongoing pixel and the destination pixel. It has been adapted in [8] to the PGT data collection within pavement images.
By contrast, the Fast Marching method [10] [11] is a SPSP algorithm, which minimizes the geodesic distance between two pixels using the standard euclidean L2 norm. It has been widely used in image processing for pattern recognition, e.g., active contours.
A recent variant of the Fast Marching technique in [14] , which is labelled Self Terminating Fast Marching (STFM) in this paper, requires initializing the path finding at one endpoint only, the other endpoint of the crack being automatically determined by some stopping criteria. The path finding can propagate to the branches of a crack at some extent. This may facilitate the work of the operator to determine the PGT. The counterpart is a longer execution time owing to greater computational complexity.
IV. ASSESSMENT PROTOCOL
The performance assessment of the semi-automatic segmentation of the cracking relies on the computation of the conventional similarity indices between the segmented results by the SPSP algorithms and the reference segmentation in the data base [15] . For field pavement images, the latter reference segmentation has been previously established in [2] by a single operator using the Dijkstra algorithm. For synthetic images, the crack pattern is user-defined and then is qualified as ground truth.
The evaluation is performed on the pixel gridding to obtain the most precise and sensitive analysis. We use a direct comparison between the PGT and the segmented result; for comparison, a 2 pixels margin was used in [2] and a larger margin in [3] . The performance evaluation involves the following four categories of pixels: true positive pixels (TP), false positive pixels (FP), false negative pixels (FN) and true negative pixels (TN).
The three first categories of pixels, i.e., TP, FP and FN pixels, are used to compute the precision (P) and the sensitivity (S or recall) which indicates the rates of false alarm and the rate of undetected crack pixels, respectively. Finally, the harmonic average of the two latter coefficients is called the Dice-Sorensen coefficient (DSC) or the F1-score, equivalently, and is conventionally used for performance assessment in image processing. In practice, the three criteria are 1 if the two images are perfectly matched to each other, and 0 if there is no superposition. A large difference between the S and P coefficients strongly impacts the DSC rate. The segmentation result is usually considered as good enough for DSC value above 0.7 [16] .
In addition, the efficiency of the different SPSP algorithms was recorded through the computation time and the number of pixels that the algorithms visited for the processing. The latter is called the query area and is displayed in grey on Fig. 2 . The five SPSP algorithms were coded with the Matlab programming language and were tested on the same personal computer [13] . Besides, each crack pattern is decomposed using the same crack ramification (see Fig. 1 for the illustration on the synthetic crack pattern), and the starting and the destination pixels of each ramification are the same to perform the semi-automatic crack detection by the different algorithms.
V. ILLUSTRATIVE EXAMPLES
The five SPSP algorithms have been tested on both simulated and pavement image samples. Both image types are from the data base in [15] , which also includes the pseudo ground truth.
A. Test on a pavement image sample
The ranking of the five tested algorithms have been found identical on both image types [13] . In Fig. 2 , the five algorithms are performed on the pavement image 462×690 pixels in size, which has been used in [2] [3] [4] for testing automatic crack detection algorithms. The black line represents the crack (with the thickness accounted for) and the query area in grey displays the visited pixels by the algorithms The results shown in Fig. 2 are ranked from the fastest to the slowest algorithm. To give an order of magnitude, the A* method, namely, the fastest one, takes about 4 sec on the HP Zbook14 Intel Core i7 at 2.7 GHz. The STFM method evaluates the second lowest number of pixels but takes about 60 sec because of greater computational complexity.
All algorithms provide very good segmentation with DSC value above 0.85, as depicted in the last column on Fig. 2 . The ranking of the method is then found to be Dijkstra (0.94), A* (0.92), ST Fast Marching (0.87) and Fast Marching (0.86). Nonetheless, the three algorithms which minimize the L1 norm, namely, Dijkstra, bidirectional Dijkstra and A *, achieve larger DSC by a few percent, meaning that they better match to the chaotic geometry of the cracks. By contrast, the L2 techniques, i.e., FM and STFM, tend to smooth the segmented crack in shape.
For the three L1-based algorithms, there is a clear relationship between the size of the query area and the increasing computational time. Then, compared with Dijkstra's algorithm, the proposed A* is about 4 times faster and achieves equivalent DSC rate. Thus, the latter algorithm has been selected as the best trade-off algorithm for future PGT data collection. Fig. 2 . Semi-automatic segmentation obtained by the 5 tested SPSP algorithms on a 462×690 pavement image sample (from the fastest to the slowest).
B. Shortcomings of SPSP algorithms
The tests of SPSP algorithms on pavement images have highlighted two kinds of shortcomings which may affect the PGT data collection.
1) L1. vs. L2 norm
The two family algorithms, namely, Dijkstra-based and Fast-Marching-based algorithms, rely on L1 and L2 norms, respectively. These norms may lead to slightly different segmented results in practice. The latter difference has been theoretically illustrated in [17] . In this section, this difference is illustrated on pavement images.
When considering a pavement image with large cracks as shown on Fig. 3 , we must be aware that the crack skeleton under the L1-norm does not match to the topological centerline of the crack as opposed to the result by the L2-norm. According to the taxicab geometry (or city-block distance), the shortest path under the L1 norm may not be unique within a uniform image background. In most cases however, cracks with large thickness depict a narrow grey level distribution; the resulting small grey level variations insures a unique shortest path to be determined under the L1 norm.
Finally, the thickness estimation of the crack at the final stage of the segmentation algorithm (see section II-B) allows mitigating the latter difference. L1 and L2 norms are thus shown to achieve very close final segmentation with a small difference on the DSC rate [2] . Besides, the crack width is likely to be thinner (in pixels) on pavement images than on the concrete image in Fig. 3 . 
2) Shortcuts
The second shortcoming is illustrated on Figs. 4 for the cases of both thin cracks and ramified long cracks. In case of thin cracks, L1 and L2 SPSP algorithms may locally provide different segmented results, as illustrated within the circle in Fig. 4 (left) . Dijkstra-based algorithms (in blue) provide the stair-step shortest path cost along the pixel gridding of the image that matches to the PGT (in green). By contrast, FastMarching (in red) may provide local shortcut within the image texture with smoother crack pattern. This implies a few percent differences on the DSC rate between the two family algorithms.
When the two endpoints take part on different branches of the crack as displayed on Fig. 4 (right) , the tested path finding algorithms provide a solution through the image background (in red) instead of following the crack pattern (in dark grey). STFM has shown to mitigate this discrepancy at some limited extent. The only solution for now to improve the PGT data collection in that case has been to consider the crack ramification (on the right) as an additional endpoint. Within this scope, interactive tools, e.g., [18] [19] [20] , may allow reducing the amount of required endpoints and thus may help the user to collect the PGT. An alternative path search strategy, e.g., [21] , may be also tested within a more general framework. 
A. Reliability of the assessment protocol
The assessment protocol in section III is based on the comparison at the pixel scale between the semi-automatic segmentation and the reference segmentation which is available from [15] .
Then, for field pavement images, it can be argued that the assessment protocol provides a bias, because the same family algorithm, namely Dijkstra, is used to provide both the reference PGT data collection and the computed semiautomatic segmented results. The latter ambiguity can be removed because the ranking of the five tested SPSP algorithms have been found identical on both synthetic and field pavement images [8, 13] .
In practice, the performance assessment of algorithms depends at a larger proportion on the quality of the reference image, and the skills of the operator to this aim.
B. Top and floor DSC rates
The DSC coefficient has been conventionally used in this paper to measure the quality of the semi-automatic segmentation. The image community is attached to the accuracy of segmentation results and will promote the algorithms which achieve the highest DSC rate. Within this scope, the DSC rate is computed on the pixel gridding.
In practice, DSC rate beyond 70% is considered as a good segmentation result [16] . The latter floor rate may vary from one application to one another. It especially depends on the contrast between the crack features and the image background, i.e., the image texture. Then, one can imagine considering a higher DSC floor rate for images with high contrast and a lower one otherwise. To our knowledge, such guidelines are missing at the operational level to assess the segmentation on the image gridding larger than pixel.
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According to section IV, it can be argued that the top DSC rate is not the expected 100%, meaning that the ideal segmentation cannot be achieved. In fact, the reference PGT in [15] has not been performed by the same people at first. Second, the parameter κw in eqn. (1) was set to the value, which has been optimized in [2] for the automatic crack detection. Nonetheless, for the latter imperfect parameter setting, the top DSC rate has been found to be 90% on the pixel gridding.
Many other parameters may influence the top and the floor DSC rates in practice. Among others, it is shown in [2] that the DSC value is very sensitive to the pixels margin which is used to compute the DSC rate. The very large pixel margin in [3] artificially increases the DSC rate (up to 90%) but strongly reduces the difference between methods to a few percent as a counterpart, making hazardous the selection of the best segmentation method. By contrast, no margin is considered in this paper to compute the DSC rate.
VII. CONCLUSION AND PERSPECTIVES
This paper has reviewed some existing PGT data collection techniques and proposed some semi-automatic techniques which are based on image processing tools. Shortest paths algorithms have been found better matched to the PGT data collection in terms of usefulness, segmentation performance (DSC rate) and computational time. Most of them require the user to select two endpoints per crack ramifications. Among the five tested shortest path algorithms, A* has been selected as the best trade-off between segmentation performance and computational time.
The proposed semi-automatic processing is expected to help the users to collect the PGT on pavement images, and as a result, to favor the comparison between automatic crack detection algorithms. Despite the proposed improvements in this paper, the PGT data collection would remain in practice a laboring and time-consuming task, which the quality depends on the skills and the carefulness of the operator.
Finally, a faster two-steps PGT data collection is proposed as a working perspective. To this aim, the operator is asked to refine the segmented result which is achieved beforehand by some automatic crack algorithm. By superimposing the latter first segmentation on the ongoing pavement image, the user may complete and/or refine the PGT by performing a semiautomatic segmentation at appropriate locations on the pavement image. The latter solution may be worth pending further progress on automatic crack detection algorithms. The ongoing improvements in [22] [23] on MPS do not achieve yet the top DSC rate (discussed in section VI-B) to refrain from the PGT data collection.
